ABSTRACT: Combined geostatistical and multifractal power-spectrum modelling of geochemical distributions can provide suitable indicators of metal dispersion, and is capable of analysing complex problems for targeting potential areas for mineral exploration. A case study analysing lake sediment geochemical data for the Gowganda area is presented and development of the methodology for spatial analysis of the data is described. The Gowganda-Cobalt area of northeastern Ontario is a textbook example of Co, Ag-Co vein-type deposit, which by 1984 had yielded one-half billion ounces of Ag. The area is also known for shear-zone-hosted Au mineralization. This paper uses the spatial and geometric distribution of lake sediment data to discriminate geochemical anomalies from background values. The application of two geostatistical techniques (spatial principal component analysis and indicator kriging) allows the estimation of geochemical distributions by utilizing their statistical and spatial properties. The newly developed multifractal power-spectrum method additionally allows for the geochemical distributions to be modelled by their multifractal Fourier-transformed power-spectrum characteristics. Verification of the estimates produced by these techniques has been enabled through spatial analysis of bedrock geology and mineral deposit occurrences in the area.
INTRODUCTION
As rocks are weathered, their mineral and chemical components are eroded and dispersed away from the place of origin. The products of weathering are partitioned between a relatively immobile solid phase and a mobile fluid phase transported by underground and surface waters. Ore elements undergoing dispersion in the solid products of weathering may travel preferentially either in the coarse or in the fine fraction. Lakes, particularly those formed by the erosive and depositional effects of continental glaciations, form an efficient trap for all but the finest particulate material and the sediments trapped in lakes can provide an effective sampling medium for mineral exploration. The distribution of a given element in surficial media (e.g. lake sediments) is the result of a number of processes. In many instances, this distribution may simply reflect that of bedrock lithology. The contrast of anomalies in lake sediments, however, is partly dependent on the relative areas of the drainage basin and the ore body. If the ore body is covered by till, glacial clay or soil, little or no anomaly may be observed. Where the ore is being actively weathered and in the areas of moderate relief, strong anomalies may be observed near exposed or shallowly buried ore. An anomaly in lake sediment may be a positive indication for ore, but lack of an anomaly is not necessarily a negative indication (Rose et al. 1979; Shilts 1976) .
The normal abundance of an element in unmineralized earth material, referred to as background, varies from one element to another as well as amongst different rock types. In surficial material, background values may vary greatly, but in most homogenized material such as glacial deposits or fine-grained lake sediments, these values approximate those of the parent rock (cf. Panahi & Young 1997; Shilts W 1976) . A geochemical anomaly, on the other hand, is defined as a departure from background values due to the presence of an ore deposit, mineralization or to related geochemical dispersion and/or physical dispersal. The contrast (as defined by the ratio of the local value to the background) of an anomaly is a measure of departure from background.
Mineral prospecting and exploration have recently focused on discovering deep or concealed deposits as the mineral deposits that occur on the surface are becoming progressively depleted and more difficult to find. The geochemical surface expression of buried deposits is often characterized by a low contrast anomaly: the difference between the anomaly and the background is small or statistically insignificant (Fig. 1) . Recognition of regional and local thresholds can be extremely important in mineral prospecting and exploration as it may then be possible to limit the detailed search for peak anomalies to the plateaus of high values defined by preliminary wide-spaced regional sampling. Rose et al. (1979) described the concept of selecting a threshold and recognized two sets of threshold values. From a theoretical viewpoint, in the simplest situation, a regional threshold is defined as the upper limit of normal background (Fig. 1A) . Values above this threshold are considered anomalous. In more complex situations, as in the example of concealed or buried ore deposits, an anomaly may be set in a background of higher than normal values related to extensive weak mineralization (Fig. 1B,C,D) , or related to the attenuation of the geochemical signal by dilution and masking by overburden. The recent interest in 'deep-penetration' geochemistry using selective leaches may result in improved contrast, but often the identification of anomalous values is still difficult.
Effective interpretation of geochemical data involves a satisfactory discrimination of background and anomalous (ore) populations. The two populations, however, commonly overlap, so that the consideration of multiple populations becomes impossible. A number of methods for separation of anomaly related to ore from background have been developed over the years. Spatial and non-spatial statistical methods such as probability plots, Q-Q plots and kriging have played an important role in geochemical pattern recognition (e.g. Cheng et al. 1997; Grunsky 1997; Grunsky & Smee 1999; Harris et al. 1999) . Many geological processes, including trace element distributions and ore deposits, have properties of self-similarity, which can result in fractal and multifractal distribution properties (Cheng 1999) . Cheng et al. (1994 Cheng et al. ( , 2000 formulated the geometrical properties and the scale-independent characteristics of geochemical patterns and developed a multifractal method for anomaly separation. A combination of frequency distribution, spatial correlation, geometric and scaleinvariant properties of a geochemical distribution may be used for a more efficient identification of regional and local thresholds.
This paper presents a brief discussion of methods and approaches for geostatistical and multifractal modelling of data, followed by the results from a case study on the application of a fractal-based filtering technique for lake sediment geochemical compositions in the Gowganda-Cobalt area of northeastern Ontario. The area is a world-class, textbook example of hydrothermal vein Ag mineralization known as the 'Five Element' (Ag, Co, Ni, Bi, As) ore deposit type (Guilbert & Park 1986; Misra 2000) . There are also occurrences of shear-zonehosted Au deposits in the area, which have produced significant Au in the past (Hamilton 1997) .
METHODS AND APPROACHES Principal component analysis
Multivariate analysis methods have been frequently applied in mineral exploration to characterize and map interrelationships occurring in large multi-element surficial geochemistry datasets. The process of simplifying and analysing large datasets often becomes complicated when dealing with 50 or more variables.
Principal component analysis (PCA) is a method for reducing the number of variables in a dataset with minimal information loss. In PCA, all the variables in a dataset can be examined simultaneously, as the data matrix consisting of n variables can be considered to exist in n-dimensional space. A set of interrelated variables is mathematically calculated and transformed into a new co-ordinate system in which the axes (eigenvectors) are linear combinations of the original variables. The newly transformed variables account for the same High contrast (local) anomaly produced by an exposed ore deposits may be observed along with a relatively low contrast (regional) anomaly produced by extensive weak mineralization. (C) A buried ore deposit having exposed weak mineralization may also produce low contrast anomalies. (D) Where the ore deposit and its dispersion are both covered by overburden (soil, glacial till or clay, etc.), very low contrast anomaly may be observed. information or variance as the original variables. The only difference is that the first variable accounts for as much of the variance as possible. The second axis accounts for as much of the remaining variance as possible while being non-correlated with the first axis and so forth. The variables and the components are weighted in proportion to the amount of total variance they describe. Each variable in the dataset can be assessed with respect to its contribution to the overall distribution of the dataset. This is done by correlating the direction of maximum spread of each variable with the direction of each PC axis (eigenvector). If one particular variable has a much larger range than the others, then the direction of maximum spread for this variable will strongly correspond to the first principal component (PC1).
A principal component can also be considered as a regionalized variable (RV) and the scales of variation for each RV can be identified by estimating the semi-variogram (PardoIgúzquiza & Dowd 2002) . A model (spherical or exponential) fitted to the variogram of each PC can be considered to have three parts: a nugget effect or micro-scale variance, a short range representing local variance, and a long range or regional variance. Therefore, semi-variogram analysis of a principal component may characterize both local (anomaly defined on a single sample) and regional (local and regional) anomalies in the area. The distinction between local and regional anomalies is extremely important as the former may correspond either to geological phenomena of limited extent or to a concealed deposit. A regional anomaly, however, may be associated with geological phenomena that are likely to have a significant spatial extension, e.g. samples within a dispersion aureole of an ore deposit or a lithological unit. A map produced by kriging the short-range component may amplify aggregations at local scale but suppress isolated high values.
Multifractal analysis of geochemical distributions
Recently developed methods of 'fractal and multifractal analysis' provide ways to quantitatively describe variability in spatial structures across a range of scales. Properties of physical processes (e.g. geochemical quantities) often vary in a structured way that can define unique spatial patterns. The extent of these spatial patterns is defined by their scale, which is an integral part of the property. Physical process cannot be described at every location, so in order to characterize a process, we have to acquire data at specific sample sites. Whether or not we observe any meaningful pattern in the spatial distribution of a physical process is often controlled by spatial resolution. Spatial variations can be described as small-scale, short-range or high-frequency (small spatial distance) or as large-scale, long-range, or lowfrequency (large spatial distance). To characterize the scales of spatial variability quantitatively, we must develop innovative and robust methods to adequately manipulate, analyse and express the nature of multi-scale data. Although still an emerging methodology, the application of fractal analysis appears to offer great potential for analysing multi-scaled data collected at different spatial resolutions. Fractal analysis provides tools for measuring how the geometric complexity (concentration to area ratios) of imaged patterns changes when the spatial resolution changes. The key concept underlying fractals is self-similarity. Many curves and surfaces are self-similar, meaning that the curve or surface can be considered as being made up of copies of itself at reduced scales. Using a concentration-area fractal method, Cheng (1994) noted a power-law (fractal) relationship between the cumulative area and element content.
The self-similarity of a geochemical process requires that the fractal dimensions of a particular geochemical property remain constant, irrespective of the variations in the property of the geochemical process. Different fractal dimensions, therefore, correspond to different sets of similarly shaped surfaces on the geochemical map. A discontinuity or change in the fractal dimension signifies that more than one population is present, each with different spatial and intensity characteristics, suggesting the presence of more than one geochemical process. By determining fractal dimensions of the element distribution in a region, anomalous changes in the distribution of that element can be inferred. It has been shown that fractal dimensions of geochemical signals in a region are often multimodal and are useful in anomaly separation from the background values.
The multifractal (i.e. scale-independent) distribution of element concentrations can be used as a means of quantifying anomalous thresholds. The model states that the area, A~ !, enclosing concentration values less than or equal to a pre-defined threshold , follow a power-law relation such that:
For areas with concentration values greater than the threshold , the power-law relation becomes:
where C 1 and C 2 are constants, 1 is an exponent associated with maximum singularity (background) component and 2 is the exponent associated with minimum singularity (anomaly) component. If a plot of log A~ ! vs. log is obtained, values of the constants and exponents can be determined. The 'multifractal' model involves multiple spatially associated fractals, which are characterized by a fractal spectrum. Therefore, the breaks in the linearity of the experimental data points which correspond to different values of the fractal dimension~ ) may be used as threshold values on a map for separating anomalous from background areas, and in some situations identifying the results of other geochemical processes.
Spatial and frequency domains in geochemical map context: multifractal power spectrum analysis (S-A)
The scale of spatial variations can also be characterized by studying the variation in the frequency domain using time series-based analysis. A standard approach to the analysis of time series is to carry out a Fourier Transform (FT) of the series. A time series can be described either in the physical (time) domain or in the frequency domain in terms of the spectrum. Discussions of Fourier analysis always assume that signal is time-variant; however time and space can be considered equivalent (Davis 1986) . By performing Fourier analysis, we may transform data (observations in the form of values Y i at point in space, X i ) from the spatial domain into a frequency domain, where frequency represents spatial frequency. Assume that a raster geochemical map is produced by interpolation of point values of a geochemical element. The spatial domain is the normal map space. Any surface can be considered as the sum of a series of waveforms of differing wavelength or spatial frequency. The Fourier transform (FT) is used to convert a mapped surface from the spatial domain into the frequency domain. In the frequency domain, two components are separated, a real component (F r ) and imaginary component (F i ) (Cheng et al. 2000) of a spectrum, both composed of waves in the x and y directions. Then the power spectrum (E) can be calculated as: 
where w x and w y are spatial wave numbers in the x and y directions, respectively. The spatial frequency domain is interesting because it may identify periodic relationships in the spatial domain. Furthermore, some filtering processing techniques are more efficient or indeed practical when applied in the frequency domain. The main purpose of Fourier analysis is the decomposition of a signal into its components. The signal (e.g. element distribution) in the frequency domain can be regarded as being composed of three parts: a linear trend or drift in the average value of the signal, various periodic or cyclic components (signal), and a random component (noise).
The power spectrum describes how the power (or variance) of the wave series is distributed with frequency. A series with a single periodic component will have a single spike in its spectrum at that frequency, whereas a series with several components will have spikes in its spectrum at those frequencies. A 'white' noise (i.e. random variation) has no embedded frequency and its spectrum is flat. Through Fourier transformations, spatially distributed geochemical values can be converted into frequency domains in which different components can be identified. The signal with certain ranges of frequencies can be transformed back to the spatial domain through inverse Fourier transformation. Thus, the original geochemical map can be broken down into two or more new maps, each with different spatial frequencies (note that this is a different result from the C-A approach which separates values on a single map by identifying thresholds).
Digital filters
Filters are classified according to their pass-band (i.e. the frequency range over which the spectral power of the input signal is passed to the filter output) and stop-band (i.e. the frequency range where the power of the input signal is attenuated to a level which can be considered virtually absent in the output signal). In the transition between these two bands, there is a frequency at which the power of the output signal is half the power of the input signal: this frequency is called the cut-off frequency. There are three basic types of filters. Lowpass filters pass low-frequency components to the output while attenuating high frequency components, the opposite is true for high-pass filters, and band-pass filters pass frequencies in some specified intermediate range.
Recently, the scaling properties of the power spectrum have been studied and a power-law relationship has been suggested (Cheng et al. 2000) . The spatial distribution of the power spectrum can be characterized and distinct patterns of frequency can be identified using the same approach as the concentration-area fractal method, but using the twodimensional power spectrum as input instead of a gridded geochemical map. Breaks are identified in the power spectrum instead of the element concentration, automatically providing the necessary filter design to separate frequency components. Patterns with high, intermediate and low power-spectrum values (related to high, intermediate and low frequencies) are distinguished and used to define irregular filters in the frequency domain. These filtered fields correspond to background, anomaly and noise in the spatial domain.
Indicator kriging
Kriging is a well-known method of interpolation, which accounts for spatial structure of variables (Journel & Huijbregts 1987) . The spatial components of a regionalized variable can be characterized by studying the variogram, a function that relates half of the averaged squared difference between paired data values to the distance (and direction, where anisotropy is considered). The utility of conventional variograms and ordinary kriging for geostatistical analysis is limited by particular assumptions. The principal problems concern (i) normality and (ii) the independence of the estimation variance on data values.
An important problem associated with the analysis of the geochemical information is the presence of skewed distributions with high coefficients of variation. Another problem is that values below the detection limit are grouped and unresolved. In these situations, two traditional solutions are proposed (Jimenez-Espinosa et al. 1999 ):
(i) remove the extreme values, based on geological or probabilistic criteria; (ii) transform the data by means of a smoothing function or by taking logarithms.
The first approach is not acceptable when the data carry the most valuable structural information, not to mention their economic weight. Log transformations are non-linear, and that calls for non-linear estimation techniques (i.e. disjunctive kriging), which requires a hypothesis about the distribution. Indicator kriging (IK) provides an alternative approach to modelling the spatial distribution of positively skewed populations, such as those for precious metals (e.g. Au, PGE etc.) and has the potential to overcome both of these limitations. IK provides a methodology, which is ideally suited to a probability-based selective target scheme (Lloyd & Atkinson 2001) . The indicator kriging approach defines the probability that the value of a variable will be greater or less than a threshold level. By taking the threshold as, for example, a percentile of the sample cumulative distribution, the probability that a value is above or below the threshold can be determined at a given location. The indicator transform I(x) (at location x) with cut-off cut k for datum value z(x) may be given as:
The indicator variable gives an estimate of the conditional cumulative distribution function at a particular threshold. The indicator variogram models are then selected and suitable models are applied to the indicator variables using an ordinary kriging method. The estimated indicator values will take on continuous (0,1) values rather than the discrete (0,1) values of the transformed sample data. Therefore, estimated cell values represent spatial confidence levels about the given threshold. The resulting interpolation map shows the probability of exceeding (or not exceeding) the cut-off value. The estimation of an indicator variable does not depend on the data value but rather on their rank order concerning a given cut-off z (Smith & Williams 1996) .
GEOLOGY AND MINERAL DEPOSIT OF THE GOWGANDA-COBALT AREA

Geology of the area
The study area is located in the Gowganda-Cobalt area of northeastern Ontario and is mainly underlain by the Proterozoic rocks of the Huronian Supergroup (Fig. 2) . The Huronian rocks in the area are composed of the Lorrain Formation (quartz sandstone, minor conglomerate and siltstone) and the Gowganda Formation (mostly diamictite and argillite). Archean-aged supracrustal rocks composed of intercalated felsic to mafic metavolcanic flows with minor ultramafic to mafic rocks underlie c. 8% of the study area. Felsic intrusive rocks with variable composition cover c. 12% of the area (Hamilton 1997) . Diabase intrusions as sills and steeply dipping dikes and plugs, known as the Nipissing diabase, are quite abundant and intrude the Archean basement and most of the Huronian rocks. It is not known whether the Nipissing diabase intrusion occurred as a single, unique event or in stages over a considerable period of time (Andrews et al. 1986 ). Approximately 50% of the study area is covered by exposed bedrock or relatively thin overburden. The Quaternary geology of the area is mostly characterized by ice-contact stratified drift with associated sandy glaciofluvial deposits. The dominant ice flow is believed to be an older southwest flow superimposed by a younger south-southeast flow (Hamilton 1997 ).
The Ag deposits
The following introduction makes extensive use of a comprehensive discussion of the geology and geochemistry of the Ag deposits in the Cobalt area by Andrews et al. (1986) and a review by Kissin (1992) on the 'five-element' ore types. The Ag-sulpharsenide vein deposits at Cobalt and Gowganda areas of northeastern Ontario occur along the north and northeastern margins of the Cobalt Embayment. The vein systems are generally fault controlled, with mineralization occurring adjacent to or within the Nipissing diabase sills, in close proximity to the Huronian-Archean unconformity. Intrusions of Nipissing diabase are widely distributed throughout and beyond the Cobalt basin. The vein deposits, however, are restricted to the northern and northeastern boundaries. Andrews et al. (1986) suggested a four-stage metallogenic model, which may represent the product of an ore-depositing solution that evolved with time. Vein formation involved the precipitation of mainly quartz, chlorite, actinolite, and K-feldspar during initial, limited dilation, followed by the introduction of significant quantities of calcite and dolomite during subsequent dilation episodes. Carbonates compose the dominant gangue component and typically occupy the main, central part of the veins. Silicate minerals are limited to thin (<1 cm) selvages immediately adjacent to vein walls. The Ag-bearing minerals, when present, occur at or near, the transition from the silicate-to the carbonate-bearing assemblages and, therefore, are preferentially distributed immediately adjacent to vein walls. In the Ni-Co arsenide-Ag stage, native Ag is intimately associated with Ni-Co arsenide minerals (e.g. nicolite), and native Bi may also occur at this stage. The sulphide stage is characterized by the presence of pyrite, galena, chalcopyrite, marcasite and other copper sulphides along with native Ag and argenite. Native As and Sb may also occur at this stage. The transitional assemblages include sulpharsenide, such as arsenopyrite, and Sb-As-Ag sulphosalts (Andrews et al. 1986) . The chemistry of the veins indicate Ag, As, Co, Pb and REE were among the components introduced with the hydrothermal fluids.
The origin of the veins has been debated for a long time. Andrews et al. (1986) proposed that the intrusion of Nipissing diabase provided favourable sites for fracture generation during regional fault activity, which affected the area, during, before and after the intrusion of the diabase. Fracture generation occurs more vigorously where the intrusions are within, or in close proximity to, the steeply dipping Archean basement volcanic rocks and less so where they occur within the flat-lying Huronian sequence. The spatial association between base metal sulphide mineralization in the Archean basement and Co-Ag-As veins is consistent with a metal source for the Archean mineralization (Patterson 1979) .
Lake sediment data
In total, 1172 lake sediment and 1336 lake water samples were collected from an area of 2700 km 2 by the Ontario Geological Survey in 1997 (Hamilton 1997 ) providing a relatively uniform coverage and regular distribution. Lake sediment samples were analysed by INAA for Au, As, Na and Br and by ICP-MS for 51 elements. Quality control (QC) procedures and reports are given by Hamilton (1997) .
GEOSPATIAL ANALYSIS Histogram, Q-Q plots and scatter diagram analysis
Histograms and scatter plots provide a first appraisal of the distribution of the data. Histograms of data representing probability density distributions for log 10 -transformed Ag, Co and Ni lake sediment values are displayed in Figure 3 . Ag and Co Q-Q distributions are also shown in Figure 4 . Examination of these Q-Q plots and other trace elements (not shown) in the datasets indicates that the majority of the trace element values, except the values along the two tails, follow a log-normal distribution. A reference line is also plotted on the Q-Q plots and departure from this reference line (inflection points) indicates that the element of interest is composed of at least two populations. For most elements including Ag, Co, Ni and As, the distribution is marked by the presence of outliers, where inflection occurs along the curve and indicates a break in the continuity of the population. The inter-quartile range, which is the difference between the first and the third quartile (IQR=3Q 1Q) calculated from the Q-Q plots provides a useful criterion for identifying outliers: any observation which is more than 1.5xIQR is a suspected outlier (S Plus 2001).
These different populations (i.e. background and anomalous populations) may indicate differences in the source areas from which the sediments were derived. Frequency and Q-Q plot analyses provide a quick assessment of the distribution of the data and distinct thresholds may be derived form them. However, as shown by Cheng et al. (1994) , in the case of surface samples in the Mitchell-Sulphurets precious-metal district, the identification of some fixed percentage of highest values as anomalies may give poor results due to complexity of the element distribution (cf. Cheng 1999).
Application of indicator kriging to Au distribution values
The objective of the indicator kriging is to provide a probability-based estimate of trace element distribution and spatial distribution of confidence levels for thresholds.
The indicator kriging procedure was as follow:
(i) Generate and examine multifractal frequency distribution plot based on the element concentration levels of Au in lake sediment samples from the study area (Fig. 5A) . The Au indicator was established by the C-A plot, where one can identify two main breaks in the plot. These data identify cut-off values suitable for use in the indicator transformation of the data. The Au distribution map generated using indicator kriging function (based on omnidirectional variogram) in ArcGISis shown in Figure 5B . The generated map can be interpreted as the probability surface of Au values that exceed the threshold value of 4.8 ppb.
Principal component analysis (PCA)
Prior to filtering spatial structures and map decomposition procedure, we must model the spatial variability of a geo- The interrelationships in the metal composition of lake sediments in the study area are investigated through PCA. A reliable estimate of the correlation matrix cannot be made if the data follow a non-normal distribution, as is the case for the study area. Log-transformation is one way to improve the normality of data, by reducing the influence of outliers. Principal component analysis was carried out on the logtransformed data for 13 elements using the correlation coefficient matrix and the eigenvalues were extracted. The principal component scores were obtained for each sample, after varimax rotation. Scores describe the contribution of each principal component to each data point. Variography was then used to study the spatial structure of individual components and three kriged maps were generated corresponding to the first three components.
The first three components account for c. 60% of the total variability of the data (Fig. 6, Table 1 ). The first principal component accounts for c. 41% of the variance including most of the variation in Co, Ag, Bi, Cr, Zn and Fe and may indicate the general trend of lithogeochemical signature of Ag mineralization in the area. The association of Fe is interpreted as enrichment due to adsorption by Fe-Mn oxides ('scavenging'). The second principal component (PC2) accounts for c. 12% of the total variance and has a positive loading on Cr, Ni and Fe and negative loading on Ag, Hg and Pb. The PC2 seems to relate to Ni and Cr-rich mafic and ultramafic rock of the Archean basement exposed in the west-central portion of the map area and the mafic intrusions (see discussion later). A vast majority of the study area is underlain by the Huronian rocks and related Nipissing intrusions. Most of the diabase intrusions have an overall composition of olivine tholeiite (ANDREWS et al. 1986 ) and occur in the form of sub-horizontal sills. The aeromagnetic map of the study area (Dataset 1035, Ontario Geological Survey) may highlight some of the partially covered or deep intrusions not apparent from the geological map.
The third PC accounts for c. 9% of the total variance and is associated mainly with Au, Cu and U. The association of Au and Cu may point to a 'Au geochemical signature'. There are, however, potential sources of contamination due to transport of Au-cyanide complexes that originated in the tailings of former Au mines.
Anomaly separation using S-A methodology
Geochemical maps generated for PC1 (Fig. 7) using ordinary kriging is used as input for multifractal power-spectrum analysis. The Spectrum Analysis (S-A) (Xu & Cheng 2001) procedure was used to decompose the maps generated for PC1. The methodology involves Fourier transformation calculations to convert the maps from the spatial domain to their frequency domain. A power-spectrum (E) map can then be generated where high values of E are mainly distributed around the center of the map corresponding to low frequencies. Power-spectrum values generally decrease, moving away from the center. The spatial distribution of the powerspectrum can be characterized using the same methodology to determine breaks as is used in the concentration-area fractal method proposed by Cheng et al. (1994) , but using the power spectrum values in the spatial domain instead of the concentration vales. The log-log plots show the relationship between the area and the power-spectrum values on the Fourier transformed (FT) map of the power-spectrum. The values on the log-log plots were modeled by fitting straight lines using least-squares. The S-A plot for PC1 (Fig. 8) shows two distinct breaks providing three distinct patterns of powerspectrum values. On the basis of these threshold values, a high pass filter was constructed, eliminating low frequencies (background) and noise, and converting back to the spatial domain. The output is therefore a high-frequency map, interpreted as an anomaly map (Fig. 9A represents background anomalies; Fig. 9B represents high frequency anomalies). 
DISCUSSION AND INTERPRETATION
In this section a relationship is established between the background and anomaly distribution maps generated using the S-A methodology and the geology and mineral deposit distribution patterns in the study area. The greenstone belt in the west-central portion of the map area contains several Au showings and one former Au mine (Tyrranite Mine). Hamilton (1997) noted that the ore occurs in two parallel north-trending carbonatized, silicified and pyritized shears at the contact between serpentinized peridotite and andesite flows (see Fig. 2 ). Other shear-zone-hosted Au has also been reported in the Tyrell Township. Apart from possible anthropogenic contamination due to former mining activities, the linear trend of high background Au distribution, which is spatially related to major structures (the well-known fault and shear zones) is noteworthy and needs further investigation in these areas (Fig. 10 ). There is a strong north-south linear Au anomaly in the NW corner of the study area (Raymond, Knight and Tyrrell Townships). Although there is a possible source of contamination in the Tyrrell Township, the overall anomaly in the area is interpreted to be due to Au mineralization. The Au anomaly is consistent with a high background value of PC2 (high Ni and Cr) (Fig. 11) . Hamilton (1997) noted that the Au anomaly in this area is associated with ultramafic rocks (komatiite and serpentinized peridotite). The southward continuation of a Ni and Cr anomaly, mapped as high negative PC2 scores, may reflect unmapped ultramafic rocks, which may exist, based on continuation of the Ni and Cr signatures. A second north-trending linear Au anomaly is identified starting from Shillington Township southwards to Chown and northern Lawson Townships. Having acknowledged the anomaly, Hamilton (1997) attributed the source to a major esker complex in overburden. A rather ambiguous set of anomalies occurs in the south central and SE portion of the map area. The anomalous pattern seems to be spatially associated with a major fault structure and an unmapped, magnetic structure, which runs in the proximity of the Au anomaly. The source of anomaly is not clear at present, but the spatial correlation of the magnetic structure with some anomalous patterns requires further investigation.
The spatial correlation between high background values and the Nipissing diabase is also apparent and interpretable. On the decomposed PC1 background map, a large anomalous pattern is identified in Raymond Township, where Ag-type mineralization is evident. Southward, a similar pattern occurs in central Knight Township, originated possibly from the nearby mineralization in the Nipissing diabase. On the decomposed PC1 anomaly map, several small areas with anomalously high values are identified that are spatially associated with Nipissing diabase.
